Abstract: Nowadays, most vehicles are equipped with positioning devices such as GPS which can generate a tremendous amount of trajectory data and upload them to the server in real time. The trajectory data can reveal the shape and evolution of the road network and therefore has an important value for road planning, vehicle navigation, traffic analysis, and so on. In this paper, a road network generation method is proposed based on the incremental learning of vehicle trajectories. Firstly, the input vehicle trajectory data are cleaned by a preprocess module. Then, the original scattered positions are clustered and mapped to the representation points which stand for the feature points of the real roads. After that, the corresponding representation points are connected based on the original connection information of the trajectories. Finally, all representation points are connected by a Delaunay triangulation network and the real road segments are found by a shortest path searching approach between the connected representation point pairs. Experiments show that this method can build the road network from scratch and refine it with the input data continuously. Both the accuracy and timeliness of the extracted road network can continuously be improved with the growth of real-time trajectory data.
Introduction
Street maps and transportation networks are the bases of building smart cities. High accurate road network maps have great social and application values. Currently, road network generating and updating algorithms can be mainly divided into three categories.
(i) Field measurement based on the professional GPS equipment and surface measurement technology [1] : This method relies on the professional road measurement vehicles and data collection personnel. It suffers the disadvantages of long work cycle, unstable measurement accuracy, high cost, expensive to maintain, etc. With the development of the satellite technology, its application range becomes even smaller.
(ii) Extracting road network map from remote sensing image based on the image processing technologies [2] [3] [4] : This method relies on remote sensing. However, high-definition remote sensing maps have low real-time performance and high purchase costs. They are limited by the image processing technology and are difficult to automate. Therefore, the extraction efficiency is relatively low.
(iii) Building the road network with Volunteered Geographic Information (VGI) [5] : This method relies on VGI, which is the harnessing of tools to create, assemble, and disseminate geographic data provided voluntarily by individuals. Thus, the quality of the updated map depends on the skill level of the volunteer and the accuracy of the data.
Analysis of Characteristics of Vehicle Trajectory Data
A trajectory is a polyline in a multidimensional space formed by a series of sampling points that contain attributes such as geographical location and time, which are used to represent the positional change of an object over a period. Vehicle trajectory refers to the trajectory of a set of sampling points obtained by the vehicle-mounted GPS device in the journey. The sampling points of a vehicle trajectory generally contain attributes such as position, time, speed, and direction. High-quality vehicle trajectory data have important social and application values in solving social issues such as traffic congestion, traffic services improving, road environment monitoring, and energy shortages alleviating [17] . In this paper, the road network is extracted from the vehicle trajectory data mainly based on the following characteristics of the vehicle trajectory:
•
The trajectory data express the information of road structure. The movement of a typical vehicle is always limited to the existing road network (the vehicle cannot move freely on the plane), so the vehicle trajectory data represent rich road structure information. In Figure 1 , many vehicle trajectories are superimposed, roughly delineating the structure of the road network in the area.
•
The real-time vehicle trajectory data express the dynamic changes of road status. With the rapid development of the city, urban roads are changing from time to time because of road construction, road maintenance, traffic control, etc. Therefore, high real-time performance is required for the road network extraction algorithm. The vehicle trajectories are determined by the road status which is always changing along with the road transformation. Therefore, it is a unique advantage to utilize the vehicle trajectory data to update the road network.
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The real-time vehicle trajectory data express the dynamic changes of road status. With the rapid development of the city, urban roads are changing from time to time because of road construction, road maintenance, traffic control, etc. Therefore, high real-time performance is required for the road network extraction algorithm. The vehicle trajectories are determined by the road status which is always changing along with the road transformation. Therefore, it is a unique advantage to utilize the vehicle trajectory data to update the road network. Figure 2 depicts the algorithm flow of incrementally learning from the vehicle trajectory data and building a road network. The algorithm has an input port to continuously receive trajectory data. Whenever a vehicle trajectory is obtained, firstly it will be pre-processed to ensure the correctness of the trajectory data. Then, the position information and timing information is learned from the input trajectory online. Finally, the road network is generated or updated incrementally based on the information. Figure 2 depicts the algorithm flow of incrementally learning from the vehicle trajectory data and building a road network. The algorithm has an input port to continuously receive trajectory data. Whenever a vehicle trajectory is obtained, firstly it will be pre-processed to ensure the correctness of the trajectory data. Then, the position information and timing information is learned from the input trajectory online. Finally, the road network is generated or updated incrementally based on the information. In the following section, the four steps of the proposed algorithm, including trajectory data preprocessing, representative point extraction, connecting segment extraction and road network incremental generation, are described in detail.
Extraction of Road Network by Incremental Learning Method

Preprocessing of Vehicle Trajectory Data
Definition 1. GPS point. The GPS point herein refers to the coordinate point of the vehicle position measured by the vehicle-mounted GPS device during the running of the vehicle. It is expressed as p = {x, y, t}, where x and y, respectively, correspond to the latitude and longitude of the vehicle location, which is measured by the positioning device, and t indicates the time when the vehicle is in this position.
Due to the limitations of the positioning accuracy and signal strength of the GPS device, there are usually a large number of errors and information missing in the original vehicle trajectory data. Therefore, it is necessary to preprocess the input vehicle trajectory data to repair or remove the abnormal data. Let , +1 be two adjacent GPS points in a trajectory, where = ( , , ), +1 = ( +1 , +1 , +1 ). There are three typical cases on how the errors are introduced:
1. When a vehicle is driving on the road, the signal of the GPS positioning equipment may be disturbed or interrupted because of the occlusion of trees, high buildings and other objects on both sides of the road, or vehicles entering tunnels, underground parking areas, etc., resulting in the interruption of the vehicle trajectory. Figure 3 depicts an example of such missing points. If p3 and p4 are directly connected, an erroneous trajectory will be formed. This work judges whether there are missing points in trajectory according to the time interval between two adjacent GPS points (| +1 − | > ), and discards the trajectory of a serious loss [18] . 2. The GPS device signal interference will additionally cause GPS positioning data to deviate from the actual vehicle driving routes and form noise points, as depicted in Figure 4 . Noise points will affect the shape of the trajectories and make it fail to match the actual route. The noise points in the trajectory can be found and removed according to the average speed [18] , which can be calculated by the distance and time interval between two adjacent GPS points (
When the vehicle is stopped, GPS devices may maintain working status. Therefore, there may be many same (similar) positioning points in the trajectory data during a long period of time. Such kind of points are called stationary points [18] , as depicted in Figure 5 . In the analysis of the road network structure, the stationary points in the vehicle trajectory will generate a large amount of data redundancy. The main feature of the stationary points is that the positions of consecutive GPS points keep still (or the change is small) (√( +1 2 − 2 ) + ( +1 2 − 2 ) < ). This In the following section, the four steps of the proposed algorithm, including trajectory data preprocessing, representative point extraction, connecting segment extraction and road network incremental generation, are described in detail.
Due to the limitations of the positioning accuracy and signal strength of the GPS device, there are usually a large number of errors and information missing in the original vehicle trajectory data. Therefore, it is necessary to preprocess the input vehicle trajectory data to repair or remove the abnormal data. Let p i , p i+1 be two adjacent GPS points in a trajectory, where p i = (x i , y i , t i ), p i+1 = (x i+1 , y i+1 , t i+1 ). There are three typical cases on how the errors are introduced:
1.
When a vehicle is driving on the road, the signal of the GPS positioning equipment may be disturbed or interrupted because of the occlusion of trees, high buildings and other objects on both sides of the road, or vehicles entering tunnels, underground parking areas, etc., resulting in the interruption of the vehicle trajectory. Figure 3 depicts an example of such missing points. If p3 and p4 are directly connected, an erroneous trajectory will be formed. This work judges whether there are missing points in trajectory according to the time interval between two adjacent GPS points (|t i+1 − t i | > t max ), and discards the trajectory of a serious loss [18] .
2.
The GPS device signal interference will additionally cause GPS positioning data to deviate from the actual vehicle driving routes and form noise points, as depicted in Figure 4 . Noise points will affect the shape of the trajectories and make it fail to match the actual route. The noise points in the trajectory can be found and removed according to the average speed [18] , which can be calculated by the distance and time interval between two adjacent GPS points
When the vehicle is stopped, GPS devices may maintain working status. Therefore, there may be many same (similar) positioning points in the trajectory data during a long period of time. Such kind of points are called stationary points [18] , as depicted in Figure 5 . In the analysis of the road network structure, the stationary points in the vehicle trajectory will generate a large amount of data redundancy. The main feature of the stationary points is that the positions of consecutive GPS points keep still (or the change is small) (
This work uses this feature to find the stationary points in the trajectory and to delete the extra points [18] .
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Representative Point Extraction
The pre-processed trajectory has a shape that is close to the actual road. However, due to the GPS positioning accuracy, there is a certain deviation between the actual position and the positioning position of the vehicle, resulting in GPS positioning points scattered on both sides of the road. Therefore, the original vehicle track cannot be directly utilized as the road network segment. It should be noted that the positioning error here is obviously different from the noise point mentioned above. The noise point is a point that is completely irrelevant to the actual position of the vehicle because the GPS signal is disturbed, while the positional deviation caused by the positioning error is relatively smaller, and the position is closer to the actual position of the vehicle. Depending on the accuracy of GPS device, the range of the positioning error is various. In addition, the positioning frequency of different GPS devices is diverse, and the vehicle's travel speed is varying under different traffic conditions. Therefore, there is a large difference in the distance between two adjacent GPS points. In more complex road sections or in morning and evening peak hours and other congested periods, the distances between adjacent GPS points are relatively smaller due to the slow speed of the vehicle, while the distances are relatively larger in relatively smooth road sections.
Definition 2.
Representative point. The n GPS points {p 1 , p 2 , · · · , p n } contained in a circle with a radius of R meters are represented by a representative point {x, y, n, t}, where
x, y is the position of the point, n is the number of GPS points represented by the representative point, and t is the last update time of the representative point.
On the one hand, due to the error of the GPS positioning device, the measured vehicle position is usually equivalent to the actual position plus random Gaussian noise [19] . By extracting representative points from GPS points, the effects of such errors can be effectively eliminated, and the generated line segments can be closer to the center of the road. On the other hand, due to the different speeds of vehicles on different roads and the different positioning periods of different positioning devices, the interval of the GPS points in the original trajectory is not uniform, but the representative points have a uniform interval because of their fixed representation range. Therefore, representative points are more suitable for representing the road network structure.
Algorithm 1 describes the process of extracting and updating representative points. For each GPS point in the input trajectory, from the set of representative points, the algorithm searches for the nearest representative point with the distance of no greater than r meters (In this paper, the nearest neighbor search is implemented by the K-d tree):
•
If there is no representative point to meet the requirements, a new representative point will be added to the set of representative points. The new representative point will be {x, y, 1, t}.
• If the representative point rp = {x , y , n, t } is nearest to the point and the distance is less than r meters, the representative point rp is updated to
, (n + 1), t , and the change of rp is synchronized to the set of representative points.
Algorithm 1
Representative point extraction and updating algorithm
1.
Input : trajectory ← gps _trajectory 2.
Input Output : rps ← representative _points # Representative point set 3.
Input : r ← radius # Representation range 4.
for point in trajectory :
if rp is None : 7.
rps.add({x, y, 1, t}) # Add a representative point to representative point set 8.
else :
rps.update(rp) # Update representative point set Figure 6 depicts a comparison of the GPS points in multiple trajectories and representative points extracted from this batch of GPS points. It can be seen that the algorithm greatly reduces the data redundancy with an almost uniform distribution of representative points while the shape of roads is preserved.
The update time t in the representative point attribute represents the timeliness of the point. By filtering out representative points that have not been updated for a given time, the accuracy and timeliness of the road network can be guaranteed. Figure 6 depicts a comparison of the GPS points in multiple trajectories and representative points extracted from this batch of GPS points. It can be seen that the algorithm greatly reduces the data redundancy with an almost uniform distribution of representative points while the shape of roads is preserved.
The update time t in the representative point attribute represents the timeliness of the point. By filtering out representative points that have not been updated for a given time, the accuracy and timeliness of the road network can be guaranteed.
Connecting Segment Extraction
Extracting representative points from the original trajectory data utilizes position information in the trajectory data. However, the extracted representative points lack the line segments to connect them, and it is impossible to obtain the road connectivity information from their respectively independent representative points. Therefore, it is also necessary to read the timing information in the original GPS trajectory and establish the connection relationship between the representative points.
By using the representative point extraction and update algorithm described in Section 2.2, the trajectory is converted into a set of representative point sequences. The order of the representative points in the sequences corresponds to the timing information in the original trajectory. Therefore, it is possible to use the connecting segment between two adjacent representative points to represent the road between these two representative points.
Definition 3. Connecting segment. The Connecting segment refers to the line segment connecting two representative points, a and b, denoted as L = {a, b, n}, where n represents the number of occurrences of this connecting segment.
The connecting segment records the topological relationship between the representative points. By setting a threshold value ε for the number of occurrences of the connecting segment n and filtering out a part of the abnormal connecting segments with relatively few occurrences, the accuracy of the road network can be further improved. However, an excessively high threshold ε will filter out too many useful connecting segments and cause waste of trajectory data. Therefore, it is necessary 
Connecting Segment Extraction
By using the representative point extraction and update algorithm described in Section 3.2, the trajectory is converted into a set of representative point sequences. The order of the representative points in the sequences corresponds to the timing information in the original trajectory. Therefore, it is possible to use the connecting segment between two adjacent representative points to represent the road between these two representative points. The connecting segment records the topological relationship between the representative points. By setting a threshold value ε for the number of occurrences of the connecting segment n and filtering out a part of the abnormal connecting segments with relatively few occurrences, the accuracy of the road network can be further improved. However, an excessively high threshold ε will filter out too many useful connecting segments and cause waste of trajectory data. Therefore, it is necessary to set reasonable ε values according to the number of input trajectories.
Algorithm 2 describes the process of extracting a connecting segment.
Step 1-5 convert GPS points in the trajectory to representative points. Step 6 initializes a set which is used to save the connecting segments in the trajectory to be extracted.
Step 7-10 split the trajectory into connecting segments and add them to the set. Finally, in Step 11, the extracted connecting segment set is returned. 
Incremental Road Network Generation and Updating
The connecting segment represents the connectivity between the representative points which means there should be a road segment between the two connection points. However, the road conditions in real life are complex and varied. The distance between the two GPS points in the trajectory of the vehicle is different. If the road network is formed directly according to the time sequence of the trajectory, the situation in Figure 7 will occur, which is the connection manners of the representative points on the same road are various, and these connecting segments cannot accurately restore the shape of the actual road because of the longer length. Therefore, it is necessary to further optimize the connection method between the representative points to make them connected sequentially in the order of their locations and form a unique representation. The connecting segment represents the connectivity between the representative points wh s there should be a road segment between the two connection points. However, the ro itions in real life are complex and varied. The distance between the two GPS points in tory of the vehicle is different. If the road network is formed directly according to the ti ence of the trajectory, the situation in Figure 7 will occur, which is the connection manners of sentative points on the same road are various, and these connecting segments cannot accurat re the shape of the actual road because of the longer length. Therefore, it is necessary to furth ize the connection method between the representative points to make them connec entially in the order of their locations and form a unique representation. To find the real road network, a Delaunay triangulation network based on the representat s is created at first. Delaunay triangulation has the following excellent features [20, 21] . ueness: No matter where it starts, the result will be consistent. To find the real road network, a Delaunay triangulation network based on the representative points is created at first. Delaunay triangulation has the following excellent features [20, 21] . (i) Uniqueness: No matter where it starts, the result will be consistent. (ii) Empty circle: There is no other point in the range of the circumcircle of any triangle. (iii) Maximum minimum angle: If the diagonals of a convex quadrilateral consisting of any two adjacent triangles are interchangeable, the minimum angle of the six internal angles will no longer increase after interchanging. Based on these three characters and the nature of real road network, almost all physically adjacent representative points along a road will be connected by edges of its Delaunay triangulation network as depicted in Figure 8 . After the Delaunay triangulation network is built, whenever a connecting segment is inputted, e.g., (p1, p5) in Figure 8 , instead of adding (p1, p5) to the road network directly, a shortest path between p1 and p5 is searched in the Delaunay network and regarded as a real road segment, which is (p1, p2, p3, p4, p5) in this example. With this step, the various long length connecting segments are divided into multiple sequentially connected segments. The shortest path can be found with classical Dijkstra's algorithm [22] . For the directed graph without negative weight, this is the fastest singlesource-shortest-path algorithm known at present.
However, using the length of the Delaunay edge directly as the weight of Dijkstra's algorithm will lead to the interpolation result at the curve not meeting expectations. As depicted in Figure 9 , the red line segment in the figure is weighted by the length of the Delaunay edge, the Dijkstra algorithm is used to search for the shortest path from p4 to p7 and p7 to p9. Obviously, due to the neglect of p5 and p8, the resulting shape does not match the shape of the actual road. Generally, in the road generation process, we prefer multiple short lines to a direct long line. Therefore, a new distance metric is designed as Equation (1) . For all Delaunay triangulations, the weight of the Delaunay edge in the mesh is defined as the power of the length of the edge. The weight of Delaunay edge with endpoints a and b is calculated as:
The parameter α can be used to control the selection of the interpolation path. When α is greater than 1, the path chosen by the algorithm will be biased towards those paths that contain more short segments. The larger α is, the more obvious this trend is. Let α = 2, the Dijkstra algorithm is applied to search for the shortest path from p4 to p7 and p7 to p9. The result is depicted in the red line in Figure 10 . Obviously, the red line segment's shape conforms to the actual road shape. This After the Delaunay triangulation network is built, whenever a connecting segment is inputted, e.g., (p1, p5) in Figure 8 , instead of adding (p1, p5) to the road network directly, a shortest path between p1 and p5 is searched in the Delaunay network and regarded as a real road segment, which is (p1, p2, p3, p4, p5) in this example. With this step, the various long length connecting segments are divided into multiple sequentially connected segments. The shortest path can be found with classical Dijkstra's algorithm [22] . For the directed graph without negative weight, this is the fastest single-source-shortest-path algorithm known at present.
However, using the length of the Delaunay edge directly as the weight of Dijkstra's algorithm will lead to the interpolation result at the curve not meeting expectations. As depicted in Figure 9 , the red line segment in the figure is weighted by the length of the Delaunay edge, the Dijkstra algorithm is used to search for the shortest path from p4 to p7 and p7 to p9. Obviously, due to the neglect of p5 and p8, the resulting shape does not match the shape of the actual road. Generally, in the road generation process, we prefer multiple short lines to a direct long line. After the Delaunay triangulation network is built, whenever a connecting segment is inputted, e.g., (p1, p5) in Figure 8 , instead of adding (p1, p5) to the road network directly, a shortest path between p1 and p5 is searched in the Delaunay network and regarded as a real road segment, which is (p1, p2, p3, p4, p5) in this example. With this step, the various long length connecting segments are divided into multiple sequentially connected segments. The shortest path can be found with classical Dijkstra's algorithm [22] . For the directed graph without negative weight, this is the fastest singlesource-shortest-path algorithm known at present.
The parameter α can be used to control the selection of the interpolation path. When α is greater than 1, the path chosen by the algorithm will be biased towards those paths that contain more short segments. The larger α is, the more obvious this trend is. Let α = 2, the Dijkstra algorithm is applied to search for the shortest path from p4 to p7 and p7 to p9. The result is depicted in the red line in Figure 10 . Obviously, the red line segment's shape conforms to the actual road shape. This result illustrates the feasibility of realizing the interpolation of the connecting segment at the bend by redefining the weight of the Delaunay edge. Therefore, a new distance metric is designed as Equation (1). For all Delaunay triangulations, the weight of the Delaunay edge in the mesh is defined as the power of the length of the edge. The weight of Delaunay edge with endpoints a and b is calculated as:
The parameter α can be used to control the selection of the interpolation path. When α is greater than 1, the path chosen by the algorithm will be biased towards those paths that contain more short segments. The larger α is, the more obvious this trend is. Let α = 2, the Dijkstra algorithm is applied to search for the shortest path from p4 to p7 and p7 to p9. The result is depicted in the red line in Figure 10 . Obviously, the red line segment's shape conforms to the actual road shape. This result illustrates the feasibility of realizing the interpolation of the connecting segment at the bend by redefining the weight of the Delaunay edge. According to the above interpolation algorithm, we interpolate all the connecting segments epicted in Figure 7 and get the road network graph as depicted in Figure 11 . The representative oints in Figure 11 are connected in order along the road. Each connecting segment is mapped to a elaunay edge. Then, a figure with a height similar to the road shape is obtained. The above algorithm implements the interpolation of the connecting segments based on the elaunay triangulation constructed by the representative points. However, as the number of input ehicle trajectories increases, the number and position of the representative points will constantly ange. The Delaunay triangulation formed by the representative points will also need to be changed. enefiting from the regional nature of the Delaunay triangulation (adding, deleting or moving a ertex will only affect the adjacent triangle), when the representative point changes, its corresponding elaunay triangulation only needs to be locally updated, which greatly reduces the computation time f the algorithm.
Figures 12 and 13 depict the changes in the Delaunay triangulation caused by the addition and eletion of representative points, respectively [23, 24] . Due to the regional of Delaunay triangulation, hen adding/deleting a representative point causes the Delaunay triangulation to change, only the art of the connecting segment in the polygon whose structure changes is affected (marked with red ne segments). Therefore, whenever the trajectory input changes the structure of the Delaunay According to the above interpolation algorithm, we interpolate all the connecting segments depicted in Figure 7 and get the road network graph as depicted in Figure 11 . The representative points in Figure 11 are connected in order along the road. Each connecting segment is mapped to a Delaunay edge. Then, a figure with a height similar to the road shape is obtained. According to the above interpolation algorithm, we interpolate all the connecting segments picted in Figure 7 and get the road network graph as depicted in Figure 11 . The representative ints in Figure 11 are connected in order along the road. Each connecting segment is mapped to a elaunay edge. Then, a figure with a height similar to the road shape is obtained. The above algorithm implements the interpolation of the connecting segments based on the elaunay triangulation constructed by the representative points. However, as the number of input hicle trajectories increases, the number and position of the representative points will constantly ange. The Delaunay triangulation formed by the representative points will also need to be changed. nefiting from the regional nature of the Delaunay triangulation (adding, deleting or moving a rtex will only affect the adjacent triangle), when the representative point changes, its corresponding elaunay triangulation only needs to be locally updated, which greatly reduces the computation time the algorithm.
Figures 12 and 13 depict the changes in the Delaunay triangulation caused by the addition and letion of representative points, respectively [23, 24] . Due to the regional of Delaunay triangulation, hen adding/deleting a representative point causes the Delaunay triangulation to change, only the rt of the connecting segment in the polygon whose structure changes is affected (marked with red e segments). Therefore, whenever the trajectory input changes the structure of the Delaunay angulation, it is only necessary to re-interpolate the part of the connecting segment, together with e connecting segment extracted from the trajectory, to ensure that the road network through which is trajectory passes is properly updated. Note: The structural changes caused by the location update The above algorithm implements the interpolation of the connecting segments based on the Delaunay triangulation constructed by the representative points. However, as the number of input vehicle trajectories increases, the number and position of the representative points will constantly change. The Delaunay triangulation formed by the representative points will also need to be changed. Benefiting from the regional nature of the Delaunay triangulation (adding, deleting or moving a vertex will only affect the adjacent triangle), when the representative point changes, its corresponding Delaunay triangulation only needs to be locally updated, which greatly reduces the computation time of the algorithm.
Figures 12 and 13 depict the changes in the Delaunay triangulation caused by the addition and deletion of representative points, respectively [23, 24] . Due to the regional of Delaunay triangulation, when adding/deleting a representative point causes the Delaunay triangulation to change, only the part of the connecting segment in the polygon whose structure changes is affected (marked with red line segments). Therefore, whenever the trajectory input changes the structure of the Delaunay triangulation, it is only necessary to re-interpolate the part of the connecting segment, together with the connecting segment extracted from the trajectory, to ensure that the road network through which this trajectory passes is properly updated. Note: The structural changes caused by the location update of the points in the Delaunay triangulation are essential point deletion and point addition processes, which are not discussed. Algorithm 3 describes the process of road network generation and update.
Step 4 determines whether the Delaunay triangulation exists in the first row. If not, Step 5-6 are executed. In Step 5, a Delaunay triangulation is constructed according to the input representative points, and, in Step 6, the Dijkstra algorithm is used to segment the connecting segments in the input trajectory and convert them into shorter Delaunay edges. If there is already a Delaunay triangulation built with representative points, the algorithm executes Step 8-10. In Step 8, the Delaunay triangulation is locally updated according to the newly added (updated) representative points, a new Delaunay triangulation and a set of connecting segments affected by the update triangulation are obtained. Then, in Step 9, the affected connecting segments are deleted from the original set of connecting segments. In Step 10, the new Delaunay triangulation is used to re-segment the affected connecting segments along with the connecting segments in the input trajectory. Finally, in Step 11, a Delaunay triangulation and a new set of connecting segments are returned. : new_line
Through the above steps, each connecting segment corresponds to a unique Delaunay edge, and each connecting segment is divided into more short line segments as many as possible while ensuring Algorithm 3 describes the process of road network generation and update.
Step 4 determines whether the Delaunay triangulation exists in the first row. If not, Step 5-6 are executed. In Step 5, a Delaunay triangulation is constructed according to the input representative points, and, in Step 6, the Dijkstra algorithm is used to segment the connecting segments in the input trajectory and convert them into shorter Delaunay edges. If there is already a Delaunay triangulation built with representative points, the algorithm executes Step 8-10. In Step 8, the Delaunay triangulation is locally updated according to the newly added (updated) representative points, a new Delaunay triangulation and a set of connecting segments affected by the update triangulation are obtained. Then, in Step 9, the affected connecting segments are deleted from the original set of connecting segments. In Step 10, the new Delaunay triangulation is used to re-segment the affected connecting segments along with the connecting segments in the input trajectory. Finally, in Step 11, a Delaunay triangulation and a new set of connecting segments are returned. Input Output : tri_net ← triangulation _network 2.
Input : rps ← representative_points_in _trajectroy 3.
Input : line ← connecting_segment_in _trajectory 4.
if tri_net is Empty : 5.
tri_net ← Delaunay(rps) # Building a Delaunay triangulation 6.
new_line ← Dijkstra(new_tri_net, line) # Interpolation 7.
else : 8.
tri_net, affected_line ← local_update(tri_net, rp) # locally update the Delaunay triangulation and connecting segments affected by the update 9.
delete_line(affected_line) # Delete affected connecting segments 10.
new_line ← Dijkstra(new_tri_net, affected_line, line) # Interpolating the affected connecting segments and connecting segments in the trajectory 11. Output : new _line Through the above steps, each connecting segment corresponds to a unique Delaunay edge, and each connecting segment is divided into more short line segments as many as possible while ensuring conformity with the road network. The generated road network graph has unique representative point connection method on the same road, and this connection method is closest to the actual road network shape. With the continuous input of vehicle trajectories, the generated shape of road network will become closer and closer to the actual road network.
Experimental Results and Analysis
Experimental platform: the experiment is performed on Intel Core I5-4440 CPU, 12GB memory, Windows 10 operating system, applying Python language to implement the above algorithms, QGIS as the trajectory display platform, and MySQL database to store trajectory data and other experimental data.
The experiment utilizes the all GPS trajectory data of all the trucks of a logistics company driving in Nanning during January 2015. The GPS point in the trajectory consists of the vehicle ID, time, position, and mileage. The sampling time interval of the GPS point is 10 s. A total number of 451,537 GPS points composed 5000 tracks.
Before conducting the experiment, the values of the three parameters α, ε and r need to be determined. Parameter α (described in Section 3.4) is used to control the interpolation algorithm of the connecting segment in order to ensure that the road network formed at the curve is closer to the shape of the actual road. The larger is the α, the more suitable is the interpolation algorithm for generating the graph with the larger corner angle. In practice, to ensure the normal traffic of all vehicles, the angle of the curve is usually not too large, so, in general, α = 2 is enough to generate the correct road network graphics in most cases.
Parameter ε (described in Section 3.3) is applied to filter out some abnormal connecting segments in the road network. In general, the number of repeated abnormal connecting segments is much smaller than the normal connecting segments. Too high ε will cause some normal connecting segments to be filtered, resulting in waste of data. Therefore, the setting of ε depends on the quality of the input vehicle trajectory. If the preprocessed vehicle trajectory quality is high, the GPS points in the trajectory are evenly spaced and the corresponding GPS points are all on the normal road, then, a smaller ε can be set. Otherwise, a higher ε is required to filter abnormal line segments.
Parameter r (described in Section 3.2) corresponds to the representation range of the representative point, which generally depends on the road width and accuracy of the GPS device. According to the road width, parameter r should be at least larger than the widest road to cover every road and should be smaller than the smallest distance of any two adjacent roads to distinguish the two roads. According to the accuracy of the GPS device, parameter r should cover the largest distance error of the GPS. In our experiment data, we observed that the widest road is about 50 m and the distance between two adjacent roads are greater than 50 m in general. The GPS error is 10-50 m. Thus, we set r = 50 m.
As discussed above, let α = 2, ε = 2, r = 50, and the above trajectory data are inputted in turn, the generated road network graphics are intercepted as depicted in Figure 14 when the incremental algorithm proceeds to the 500th, 1000th, 2000th, 3000th, 4000th, and 5000th trajectory.
Comparing the graphs in Figure 14 , it can be found that, with the continuous input of the vehicle trajectory, the generated road network becomes more and more complicated, and more and more details are presented. With a careful observation of each picture in Figure 14 , it is found that there are many "breakpoints" in the road network generated at the beginning, which is because, when the number of trajectories is small, the number of repeated occurrences of some connecting segments is less than ε. However, it will be filtered when the road network is being generated and will not be displayed for the time being. Fewer repeated occurrences of connecting segments does not mean those segments are abnormal. It may be because the number of vehicle trajectories corresponding to the road segment is small. However, in general, the more repeating the line segment is, the less likely it is an abnormal line segment. Therefore, according to the user's accuracy requirements for the road network, the corresponding ε can be set. Figure 15 divides the number of repeated occurrences of the connecting segment by the thickness of the line segment, and divides the number of occurrences of the connecting segment into four steps according to 1-3 times, 4-6 times, 7-9 times, and ≥10 times, and draws from thin to coarse together on the same picture. In Figure 15 , the influence of ε on the coverage of the generated road network can be visually seen. The higher is the ε, the higher is the accuracy of the obtained road network, while the smaller is the coverage range. Figure 16 compares the generated road network graphics with the existing street map overlay. In Figure 16 , the road network graph generated in this paper is consistent with the actual road network structure, and the line segment of the road network is located at the center of the road with high accuracy. However, some roads on the street map did not generate corresponding road network segments. This is because the experiment only applies the truck trajectories which cannot cover all roads in the area, thus, to generate a more complete road network, a variety of different vehicle trajectory data would be better. In addition, some road segments in the generated road network graphics do not have corresponding roads on the street map as depicted in Figure 16 . By referring to the high-definition satellite map in Figure 17 , it can be found that these segments have corresponding roads. However, the tradition road network update method is slower, so it has not been updated on the street map at the time of the experiments. Fewer repeated occurrences of connecting segments does not mean those segments are abnormal. It may be because the number of vehicle trajectories corresponding to the road segment is small. However, in general, the more repeating the line segment is, the less likely it is an abnormal line segment. Therefore, according to the user's accuracy requirements for the road network, the corresponding ε can be set. Figure 15 divides the number of repeated occurrences of the connecting segment by the thickness of the line segment, and divides the number of occurrences of the connecting segment into four steps according to 1-3 times, 4-6 times, 7-9 times, and ≥10 times, and draws from thin to coarse together on the same picture. In Figure 15 , the influence of ε on the coverage of the generated road network can be visually seen. The higher is the ε, the higher is the accuracy of the obtained road network, while the smaller is the coverage range. Figure 16 compares the generated road network graphics with the existing street map overlay. In Figure 16 , the road network graph generated in this paper is consistent with the actual road network structure, and the line segment of the road network is located at the center of the road with high accuracy. However, some roads on the street map did not generate corresponding road network segments. This is because the experiment only applies the truck trajectories which cannot cover all roads in the area, thus, to generate a more complete road network, a variety of different vehicle trajectory data would be better. In addition, some road segments in the generated road network graphics do not have corresponding roads on the street map as depicted in Figure 16 . By referring to the high-definition satellite map in Figure 17 , it can be found that these segments have corresponding roads. However, the tradition road network update method is slower, so it has not been updated on the street map at the time of the experiments. As the city continues to develop and expand, the city's road information is constantly changing. After a new road in the city is constructed, there will be vehicles passing through this road to form a new trajectory. Through these trajectories, the algorithm can gradually "grow" the graph about this new road on the basis of the original road network. As the city continues to develop and expand, the city's road information is constantly changing. After a new road in the city is constructed, there will be vehicles passing through this road to form a new trajectory. Through these trajectories, the algorithm can gradually "grow" the graph about this new road on the basis of the original road network.
Karagiorgou et al. [16] used random sets of shortest paths to quantitatively measure the quality of the resulting road network. Their evaluation process can be summarized in three steps. In the first step, a ground-truth network is derived using the tracking data as a filter. The second step randomly selects the same set of origin and destination nodes and compute the respective shortest paths in ground-truth network and generated network. Finally, in step three, the Discrete Fréchet distance and the Average Vertical distance are used to compare the shortest paths. We used their method to quantitatively evaluate our algorithm and compared it to Ahmed's [14] and Karagiorgou's [16] algorithms, which have public realization on the Internet (https://github.com/pfoser/mapconstruction). Because our dataset has no ground truth, we chose Chicago dataset (provided by Biagioni and Eriksson [25, 26] , it contains 888 trajectories, and 119,360 GPS points) to compare the accuracy and speed of the three algorithms. We computed a set of 100 random shortest paths with origin and destination nodes uniformly distributed over the maps and compared the paths using the Discrete Fréchet distance and the Average Vertical distance measure. The results are shown in Figures 18 and 19 . We also list the execution time of these three algorithms in Table 1 . Our algorithm has similar Discrete Fréchet distance but a little bigger Average Vertical distance compared to Karagiorgou's algorithm which means Karagiorgou's algorithm has higher accuracy. However, Karagiorgou's algorithm is about 120 times slower than our method. Ahmed's algorithm is a little bit faster than ours, as shown in Table 1 , but its Discrete Fréchet distance and Average Vertical distance is much bigger than ours. We believe our algorithms has a better tradeoff between efficiency and accuracy. As the city continues to develop and expand, the city's road information is constantly changing. After a new road in the city is constructed, there will be vehicles passing through this road to form a new trajectory. Through these trajectories, the algorithm can gradually "grow" the graph about this new road on the basis of the original road network. Karagiorgou et al. [16] used random sets of shortest paths to quantitatively measure the quality of the resulting road network. Their evaluation process can be summarized in three steps. In the first step, a ground-truth network is derived using the tracking data as a filter. The second step randomly selects the same set of origin and destination nodes and compute the respective shortest paths in ground-truth network and generated network. Finally, in step three, the Discrete Fréchet distance and the Average Vertical distance are used to compare the shortest paths. We used their method to quantitatively evaluate our algorithm and compared it to Ahmed's [14] and Karagiorgou's [16] algorithms, which have public realization on the Internet (https://github.com/pfoser/ mapconstruction). Because our dataset has no ground truth, we chose Chicago dataset (provided by Biagioni and Eriksson [25, 26] , it contains 888 trajectories, and 119,360 GPS points) to compare the accuracy and speed of the three algorithms. We computed a set of 100 random shortest paths with origin and destination nodes uniformly distributed over the maps and compared the paths using the Discrete Fréchet distance and the Average Vertical distance measure. The results are shown in 
Summary
This paper presents an algorithm for incrementally extracting road network graphics from vehicle trajectory data. Whether it is urban or extra-urban road, as long as there is corresponding vehicle trajectory data, the algorithm can be used to extract the road network. The generated road network has the advantages of timely updating (along with the change of actual traffic information) and high accuracy (the accuracy increases with the increase of the number of input trajectories). It greatly benefits the fields of intelligent transportation and car navigation. The algorithm proposed in this paper overcomes the shortcomings of long period and high cost of traditional road network generation methods. It can use vehicle trajectory data to generate road network at a lower cost and faster speed. The generated road network can change in time with the changes of road network (road repair, diversion, etc.), which is very important for route planning. In addition, the number of connecting segments not only shows its confidence, but also indicates the traffic volume of the section. More connecting segments means greater the traffic volume; this characteristic is also very helpful for urban traffic analysis. The innovations of this paper are as follows: (i) applying an incremental learning algorithm to record the effective information in the input trajectory data, thereby reducing the occupation of storage space and the time of calculation; and (ii) combining Dijkstra algorithm and Delaunay triangulation with the custom distance metric to realize the segmentation of the connecting segment, which makes the shape of the road network more in line with the actual road.
The experiments in this paper used the truck trajectory for testing and analysis. In addition to trucks, passenger car trajectories are also common and easy to collect trajectories. Compared to trucks, passenger cars can be found in residential areas or other narrow roads in addition to the urban main roads and highways. Therefore, the coverage of the passenger car trajectories is wider, and the formed road network is denser. Thus, using passenger car trajectories to generate road network requires higher accuracy of trajectory. We will find ways to get some passenger car trajectories for experiments in future work. Due to the lack of corresponding ground truth for the experimental data used in this paper, we were unable to verify the generated road network. In future work, we will try our best to find the corresponding ground truth to prove how incremental extraction helps improve the accuracy. The method in this paper does not distinguish the direction of vehicle trajectory, so, when there are two lanes in different directions on one road, the method cannot distinguish them. In the future work, we will focus on how to distinguish lanes in different directions and generate a road network with directions. The method described in this paper has certain discrepancies between the shape of the road network generated by the three-dimensional road sections with complicated road shapes such as overpasses and the actual road shape. The experimental parameters of this paper are only suitable for building a two-dimensional road network. Therefore, only the latitude and longitude properties of the vehicle are used and the altitude of the vehicle is discarded. In the future, we will focus on the extraction of the three-dimensional road network shape, and further enhance the application range of this method.
